Abstract. The amount of coronary artery calcification (CAC) quantified in computed tomography (CT) scans enables prediction of cardiovascular disease (CVD) risk. However, interscan variability of CAC quantification is high, especially in scans made without ECG synchronization. We propose a method for automatic detection of CACs that are severely affected by cardiac motion. Subsequently, we evaluate the impact of such CACs on CAC quantification and CVD risk determination. This study includes 1000 baseline and 585 one-year follow-up lowdose chest CTs from the National Lung Screening Trial. About 415 baseline scans are used to train and evaluate a convolutional neural network that identifies observer determined CACs affected by severe motion artifacts. Therefore, 585 paired scans acquired at baseline and follow-up were used to evaluate the impact of severe motion artifacts on CAC quantification and risk categorization. Based on the CAC amount, the scans were categorized into four standard CVD risk categories. The method identified CACs affected by severe motion artifacts with 85.2% accuracy. Moreover, reproducibility of CAC scores in scan pairs is higher in scans containing mostly CACs not affected by severe cardiac motion. Hence, the proposed method enables identification of scans affected by severe cardiac motion, where CAC quantification may not be reproducible.
The amount of coronary artery calcification (CAC) is an independent and strong predictor of cardiovascular diseases (CVDs), such as myocardial infarction or sudden cardiac death. CAC is typically quantified in ECG-triggered cardiac computed tomography (CT) scans acquired with high in-plane image resolution. Nevertheless, recent research shows that CAC burden can also be determined in any CT scan that visualizes the heart. [1] [2] [3] [4] With the implementation of lung cancer screening in the USA 5 and possibly also in Europe, [6] [7] [8] the potential of CAC quantification, i.e. CAC scoring, in chest CT and thereby identification of subjects at risk of CVD in the screening population, has become a topic of intensive research. 2, 3, 9 The US Preventive Services Task Force recommends annual screening for lung cancer with low-dose CT in adults aged 55 to 80 years, who have a smoking history of at least 30-pack years and currently smoke or have quit smoking within the past 15 years. 10 This may result in acquisition of several millions of low-dose CT scans annually. Furthermore, a joint guideline from the Society of Cardiovascular Computed Tomography and the Society of Thoracic Radiology endorses reporting the CAC burden on all noncontrast CT examinations. 11 Routine CAC reporting could provide the opportunity to follow CAC progression over time.
In order to follow a subject's CAC score over time, a reproducible scoring method is required. However, several studies have shown that CAC scoring has limited reproducibility even when performed in cardiac CT scans that are synchronized with cardiac motion. [12] [13] [14] [15] Detrano et al. 15 have shown that 28% of cardiac scans obtained from the Multiethnic Study of Atherosclerosis using multiple detector computed tomography (MDCT) had excessive motion artifacts. Elss et al. 16 investigated identifying motion artifacts on artificially generated motion in cardiac CT scans. In chest CT scans, reproducibility is additionally compromised, by the lack of ECG synchronization leading to cardiac motion artifacts, by low image resolution leading to partial volume effects, and possibly by suboptimal image reconstruction kernels resulting in high levels of image noise. [17] [18] [19] [20] We propose a method for automatic identification of CACs that are severely affected by cardiac motion. Subsequently, we evaluate the impact of such CACs on their quantification and CVD risk determination. This study includes low-dose chest CTs from the National Lung Screening Trial (NLST) acquired at baseline and 1-year follow-up. 21 Baseline scans are used to train and evaluate a convolutional neural network (CNN) that identifies CACs affected by severe motion artifacts. Thereafter, an additional set of paired scans acquired at baseline and follow-up were used to evaluate the impact of motion artifacts affecting CACs on CAC scoring expressed with Agatston score 22 and CVD risk categorization. This paper extends our preliminary work described in Šprem et al. 23 that outlines the identification of CACs severely affected by cardiac motion.
Data
Data used in this study included 1585 scans of 1000 subjects participating in the NLST. Participants enrolled in the NLST were between 55 and 74 years of age and were either current or former smokers. 21 Each of the 33 screening centers received institutional review board approval before the onset of recruitment and all participants signed a written consent regarding the use of data. 24 Scans were obtained using different multidetector CT scanners from four major vendors (General Electric, Philips, Siemens, and Toshiba). Scans were made using low irradiation dose, in a single maximal breath hold, without the use of intravenous contrast medium, and without specified use of ECG synchronization. 24 The tube voltage was set to 120 or 140 kVp, depending on the weight of the participant, and the tube current ranged from 40 to 80 mAs. In-plane resolution was 512 × 512 voxels with sizes ranging from 0.47 to 0.89 mm with 2-to 3.2-mm slice thickness and 1.25-to 2.5-mm slice spacing. Prior to analysis, the scans were reconstructed to 3-mm slice thickness with 1.5-mm slice spacing to perform CAC quantification with recommended settings. 19 In all scans, automatic segmentation of CAC lesions was performed using an algorithm developed by Lessmann et al. 25 and previously validated on NLST scans. The scans were divided into two subsets. The first subset contained baseline scans of 415 subjects. 61% of scans were acquired with GE, 32% with Siemens, 3.5% from Philips, and 3.5% with Toshiba scanner. In these scans, each 2-D CAC was labeled as severely affected by cardiac motion (motion affected CAC) or not (motion-free CAC) by visual evaluation. We defined CAC to be affected by severe motion artifacts if it had crescent, star-like or smeared line shapes (Fig. 1) . These scans were used for method development and evaluation. The second subset contained 585 scan pairs obtained (49.5% with GE, 34% with Siemens, 8.5% from Philips, and 8% from Toshiba scanner) at baseline and 1-year follow-up. From this subset, 41 scan pairs were excluded because of zero CAC score in at least one of the scans as motion detection requires detected calcium. In addition, 28 scan pairs were excluded since at least one of the scans contained extreme levels of image noise preventing CAC scoring. The remaining 516 scan pairs (1032 CT scans) were used to investigate the impact of motion artifacts on CAC score and risk categorization in each scan. The scans were categorized in four risk categories based on the CAC score (I∶ < 10, II: 10 to 100, III: 100 to 400, IV∶ > 400).
Methods

Classification of 2-D CAC Lesions According to Cardiac Motion
To discriminate CACs severely affected by cardiac motion from those that are not, a CNN is used. CNNs have proven to be extremely powerful in image classification without the need for handcrafting image features. To identify CACs affected by cardiac motion artifacts, we investigate two CNN architectures, CNN-1 and CNN-2 with a similar number of weights. Both networks take 2-D patches from axial plane centered on a CAC lesion as input. CNN-1 has a narrow design having the same number of filters in all convolutional layers, whereas CNN-2 has a trapezoidal design inspired by previously described VGGnet architecture. 26 The input patch containing CAC is processed by three convolutional layers using 3 × 3 kernels, each followed by subsampling layers of 2 × 2 maxpooling. CNN-1 has 32 filters in each convolutional layer, whereas CNN-2 has 16, 32, and 64 filters, consecutively ( Table 1 ). The last maxpooling layer links to two consecutive fully connected layers of 16 and 4 nodes, followed by a softmax layer with two units providing the final classification label; see Fig. 2 for a schematic overview. We evaluated different input patch sizes: 48 × 48, 64 × 64, and 92 × 92 pixels. The smallest patch size (48 × 48) was selected as most of the 2-D CAC lesions are fully contained in it. Given the fact that the coronaries mostly run on the heart surface, the largest patch size (92 × 92) was selected to cover a large part of the heart while limiting the analysis of extracardiac regions (e.g., the lungs). Using the developed CNN, each 2-D CAC lesion is classified as either motion affected or motion-free lesion (see Sec. 2).
Impact of Motion Artifacts on CAC Score and CVD Risk Categorization
The CVD risk of a subject is determined by the total CAC score in a scan. A scan may contain a single large CAC lesion being severely affected by motion leading to a low CAC scoring reproducibility. However, a scan may have also several smaller CAC lesions affected by motion that do not appreciably affect scoring reproducibility. To identify scans affected by cardiac motion that result in low CAC scoring reproducibility, we investigated two criteria: the percentage of motion affected 2-D CAC lesions in a scan and the percentage of motion affected CAC volumes in the scan. Based on the percentage of motion affected CACs (volumes), a scan is classified as motion affected or motionfree scan. Various thresholds on the level of motion affected CACs were investigated for both criteria. Additionally, we investigated how the number of motion-free scans that are considered to be suitable for CAC scoring changes depending on different threshold. Hence, a motion-free scan can still contain CACs affected by motion artifacts but below the defined threshold.
To investigate reproducibility of CAC scores, we compared the CAC scores and CVD risk categories in the baseline and follow-up scans of the same subject. For this purpose, we defined two groups of scans. The motion-free group contains pairs of scans that are both classified as motion-free scan. The motion group contains pairs of scans, where at least one of the scans is classified as motion affected scan. To evaluate the impact of cardiac motion affecting CACs on the interscan agreement of CAC scores, the intraclass correlation coefficient (ICC) for the scan pairs was computed. This was done for motion and motion-free groups separately. Also, the percentage of scans suitable for CAC scoring (motion-free scans) was determined.
To assess the impact of motion artifacts on CVD risk categorization, each scan was assigned to one of the four common risk categories based on the Agatston CAC score: <10, 10 to 100, 100 to 400, >400. Note that pairs of scans where at least one of the scans had zero CAC score were excluded from the analysis. Thereafter, a nonparametric Wilcoxon signed rank test was used to determine whether there are significant differences in risk category assignment between the scan pairs. The confusion matrix showing risk categorization between scan pairs for the motion-free group and the motion group was computed.
Experiments and Results
Classification of CAC Lesions According to Cardiac Motion
The CNNs were trained and validated on 352 randomly selected images containing at least one CAC resulting in 14,504 extracted 2-D patches containing CAC. Randomly selected 80% of images were used for training and 20% for validation (5215 motion affected and 9289 motion-free). The final performance was evaluated using a separate test set containing 63 images with 1974 extracted patches (591 motion affected and 1383 motion-free). The CNNs were trained with a mini-batch size of 128 samples to minimize the loss function, optimizing weights using the Adam optimizer 27 with a learning rate of 
Illustration of the CNN-1 architecture with input patches. The network contains three convolutional layers with 32 3 × 3 kernels, each followed by a max-pooling 2 × 2 subsampling layer. The last max-pooling layer links to two consecutive fully connected layers with 16 and 4 nodes, followed by a softmax layer with two outputs.
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We compared classification performance of the CNNs using several patch sizes. As shown in Table 2 , CNN-1 had consistently higher performance than CNN-2. Both CNN-1 and CNN-2 achieved highest performance with patches of size 48 × 48 pixels. Hence, this size was used in further analysis. CNN-1 achieved an accuracy of 85.2% (76.2% sensitivity, 88.8% specificity) and area under the receiver operating characteristic curve (AUC) of 0.90. The accuracy of CNN-1 on scans per scanning vendor was: GE 83.4%, Siemens 88.7%, Philips 87.4%, and Toshiba 90.6%. Examples of correctly classified patches without and with motion artifacts are shown in Fig. 3 . 
Impact of Motion Artifacts on CAC Score and Risk Categorization
To investigate the impact of different amounts of motion artifacts on the CAC score, scans were separated into motion and motion-free groups based on the percentage of motion affected CACs or the percentage of motion affected CACs volume (Sec. 3.2). ICC was calculated between Agatston CAC scores for the pairs of baseline and follow-up scans (Table 3) . Depending on the threshold on the maximum percentage of the allowed motion CACs in a scan, the number of subjects and the interscan agreement of CAC scores in the groups vary. To determine the cause of the risk category change, we visually inspected the 147 subjects that have had risk category change between the baseline and follow-up scans. Among them, 96 subjects had an increase and 51 subjects had a decrease in the CVD risk category. The analysis shows that CAC progression if often not related by image acquisition or reconstruction parameters, whereas CAC regression can often be attributed to cardiac motion or other factors causing image quality degradation. As shown in Fig. 5 , a mild threshold that allows many motion affected CACs in a scan, e.g., 60%-90%, defines many scans as motion-free. However, a large portion of subject within motionfree group changed their risk category due to CAC being affected by motion artifacts. By contrast, a strict threshold allowing only a few motion affected CACs in a scan, e.g., 10%-40%, defines a small number of scans as motion-free. Furthermore, subjects from motion group defined by strict threshold show substantial risk category change caused by CACs being affected by severe motion artifacts. However, note that regardless of the threshold value, a better interscan agreement is noted in the motion-free than in the motion group for both criteria regarding presence of motion affected CACs per scan. This is not valid only for 10% threshold defined on the percentage of motion affected CACs volume. As motion artifacts are not the only factor negatively influencing interscan agreement, a strict threshold does not necessarily give a better interscan agreement in the motion-free group than using a mild threshold (Fig. 5) . The used threshold may depend on a specific application.
We have further focused our analysis on a mild (30% of scan's CACs affected by motion) and a strict (70% of scan's CACs affected by motion) threshold. With these thresholds, the number of paired scans in both groups is comparable. After separating scan pairs into motion and motion-free groups based on the two thresholds, the changes in CAC risk categorization were investigated ( Table 4) . Regardless of the used threshold for (volume) CAC percentage affected by motion artifacts, results in the motion-free group indicate possible progression with significant differences of risk category assignments between baseline and follow-up scans.
In Table 5 , we further detail the changes in subjects' risk categorization between the baseline and follow-up scans for the motion-free group, the motion group, and a subgroup of the latter group (both scans classified as motion affected) defined using percentage of motion affected CACs volume. The motion affected subgroup indicates similar progression and regression of subjects' risk categories with strict threshold (30%), however, for the mild threshold (70%), that does not seem to be the case. The motion-free group indicates progression for both strict and mild threshold. With strict threshold, the CAC categories within the motion-free group show higher CAC progression, as images contain fewer CACs with severe motion artifacts, which introduce errors to CAC categorization. We investigated using Cohen's kappa value for a measurement of agreement between the two categorical variables weighting the extent of disagreement. Linearly weighted kappa for mild threshold (<70%) is 0.73 and 0.71 in motion-free and motion group, respectively. For strict threshold (<30%), linearly weighted kappa is 0.60 and 0.76 for motion-free and motion group, respectively. The lower kappa value for strict threshold and the results listed in Table 4 in the motion-free group indicates more subjects with CAC progression than the group with a mild threshold. Note that the numbers of subjects within the groups with strict and mild thresholds are different. Similar trends are observed for the same thresholds on the percentage of 2-D CACs affected by motion artifacts.
Discussion
Here, we have proposed and evaluated a CNN-based method for automatic detection of cardiac motion artifacts that severely affect CACs in chest CT scans. Depending on the extent of motion artifacts affecting CACs within a scan, each is classified as motion affected or motion-free scan. Paired baseline and 1-year follow-up CT scans are assigned to one of two groups: motion group if any of the paired scans is severely affected by cardiac motion or motion-free group otherwise. A high number of CACs with severe motion artifacts in a pair negatively impacts the interscan agreement of the CAC score and, consequently, cardiovascular risk categorization. While CAC scores in scan pairs with a low number of CACs affected by motion artifacts may indicate possible progression of the CAC score in 1-year follow-up time, such a prediction cannot reliably be made from scan pairs that are heavily affected by motion artifacts.
To the best of our knowledge, the presented method is the first proposing automatic image analysis approach for the detection of motion artifacts affecting CACs in chest CT scans used to evaluate their impact on the reproducibility of CAC scoring. The presented CNN approach removes the need for manual intervention utilized by other studies 15, 29 or additional information acquired during the scan, such as sinogram data. 30 The CNN architecture and patch size were tuned to this specific application, but possibly other architectures would be suitable for the task as well.
The motion artifacts are mainly manifested in the axial plane owing to the nature of cardiac motion in combination with CT's helical scanning and highest resolution in axial plane. Furthermore, smaller lesions are visible in a single slice only, but large lesions may be present in multiple slices. In the latter case, the lesions may not be equally affected by cardiac motion in each slice. Therefore, to evaluate the extent of motion artifacts affecting CACs within a scan, 2-D patches centered around CAC lesions in axial slice were used for classification of motion artifacts. Subjects with high CAC score (high CVD risk category) often have more calcifications and they are more often large. Hence, the chance that such subjects have calcification affected by severe motion is larger than in subjects with few small calcifications.
In this study, the extent of motion artifacts affecting CACs within a scan is expressed by the percentage or by the volume Table 4 Qualitative analysis of changes in risk categorization between subjects' baseline and follow-up scans in the motion affected and motionfree groups. Groups are separated by using a threshold either for the percentage or for the volume percentage of CACs affected by motion artifacts in a scan. Numbers of subjects with changed risk category between baseline and follow-up scans are listed as increased (higher risk) and decreased (lower risk), respectively, while the numbers of subjects with unchanged risk category are listed under tied. Significance of changes of category within each group (significant if p < 0.05) was determined using the Wilcoxon signed ranked nonparametric test. Confusion matrices for the motion-free group, the motion group, and a subgroup of the motion group (both scans classified as motion affected), separated based on thresholds of 30% (with low number of motion artifacts per scan) and 70% (with high number of motion artifacts per scan) of CAC volumes affected by motion artifacts. The confusion matrices present percentages of subjects within four risk categories based on the CAC score (I∶<10, II: 10 to 100, III: 100 to 400, IV∶<400). percentage of CAC lesions affected by motion artifacts. Following other studies, 15, 29 binary selection of scans (according to no motion to the presence of severe motion artifacts) was used to identify subjects having scans with CAC scores highly compromised by motion artifacts. Regardless of the used criterion, a substantial impact of motion artifacts is observed. We also investigated several thresholds to classify scans as being severely affected by motion artifacts. Depending on the strictness of the threshold, the interscan agreement (ICC) of CAC scores and the number of scans in the group defined as suitable for CAC scoring (motion-free) vary. The motion-free group defined by a strict threshold shows a high ratio of subjects having CAC regression caused by having CACs affected by motion artifacts. However, for both mild and strict thresholds using both criteria, the interscan agreement of CAC scoring is higher in the motionfree group than in the motion group. Given that the number of subjects defined suitable for CAC scoring (motion-free) as well as the corresponding CAC score reproducibility varies, the acceptable amount of severe motion artifacts within a scan should be tuned to the objective of the study at hand, as motion artifacts are not the only factor influencing scoring reproducibility.
In this paper, we aimed to investigate the impact of severe motion artifacts on CAC scoring and CVD risk categorization. In future work, determining a threshold value for tolerated level of acceptable motion artifacts needs to be investigated. This value may depend on the specific application. A study focusing on CAC progression, a high CAC score reliability, is favored over a high number of included scans. Possibly, an epidemiology study, where only CVD risk categorization is important, may favor including a large number of scans over very strict threshold on the motion artifact. As shown in this study, removing the scans most severely affected by severe motion artifacts already gives clearer insight into the impact motion has in a study by negatively influencing CAC scoring. Inasmuch as the CAC score is an important predictor of CVD events, the impact of severe motion artifacts on cardiovascular risk categorization was investigated. Scans within the motion-free group demonstrate higher CAC score reproducibility and significant difference between assigned risk categories based on baseline and 1-year follow-up scans indicating CAC progression. An observed higher risk category in the follow-up scan than in the baseline scan could imply that CAC progression can be established over a short period of time. In the motion group, which is severely affected by motion artifacts, there is no significant difference of risk categories between baseline and follow-up scans while the number of subjects showing both progression and regression of risk categories is similar. As regression is not expected and is considered to be caused by errors, this indicates the high impact of severe motion artifacts on the interscan variability of CAC scoring.
In this study, we have demonstrated the high impact of severe motion artifacts on CAC score and CVD risk categorization in chest CT scans. Chest CT scans are primarily made to image lungs, which implies they are suboptimal for CAC scoring. Cardiac motion can decrease CAC intensities below the level of detection, which may imply that only few, or even no, voxels of a CAC lesion are observed, which compromises the detection of motion artifacts in these cases. Besides motion artifacts, there are other factors influencing CAC score reproducibility, such as partial volume effect or high image noise caused by reconstruction parameters interfering with CAC scoring. This is the reason why with increasing the threshold for the percentage of motion artifacts affecting CACs per scan is not necessarily resulting in increasing the ICC score. It might hence be beneficial to research lower CAC intensity detection levels and partial volume correction methods. The number of scans used for the CNN training was not balanced with respect to the number of scans acquired with different scanner vendors. Therefore, to make a solid conclusion regarding possible difference between the scanning vendors, a dedicated vendor specific study with a comparable number of scans from all vendors is required. In future work, it might be interesting to grade motion artifacts affecting calcium scoring on multiple levels (e.g., no motion, moderate motion, severe motion), but visually defining the reference standard for this task in a reproducible way is highly challenging. Furthermore, as in this study, only a single rater for severe motion artifacts was used, it would be constructive to extend the present study with interobserver agreement between multiple raters.
Even though chest CT scans differ substantially from cardiac CT scans that focus on imaging the heart, other CT scans that show the heart can be used for CAC scoring. 3, 18, 20 Such studies may contain large numbers of scans and multiple follow-up scans that are acquired without the use of beta blockers or ECGtriggering. The use of an automatic tool for motion detection in such studies selecting the scans suitable for CAC scoring would allow investigating quantification, progression and changes of CACs more accurately. Furthermore, to the best of our knowledge, a study investigating CAC progression using chest CT scans is not yet performed. A dedicated study for CAC score progression in chest CT scans should be conducted taking in consideration, the presented impact motion artifacts have on CAC quantification.
With CAC score being a strong predictor of cardiovascular events, a CVD event prediction model could potentially benefit from additional information regarding the presence of severe motion artifacts in a scan and CAC scores corrected for partial volume. In our future work, we will investigate the predictive power of a such model.
Conclusion
The impact of motion artifacts on coronary artery calcium scoring and cardiovascular risk categorization in chest CTs was investigated. The proposed method is able to distinguish scans severely affected by cardiac motion from scans suitable for CAC scoring. Scans containing CACs severely affected by motion artifacts demonstrate lower CAC score reproducibility and cardiovascular risk categorization. Scans without an appreciable amount of motion artifacts allow better tracking of CAC score progression over time. Accordingly, the proposed method could potentially improve the accuracy and reliability of coronary artery calcium scoring and risk prediction from chest CT screening scans. 
